Network models of the symptoms of psychological disorders provide a novel lens for examining comorbidity. Viewing symptoms as causal entities in their own right, researchers can attempt to identify specific symptoms that "bridge" diagnostic entities, providing a more granular perspective on comorbidity than the one provided by analysis at the syndromal level. Such analyses could help identify transdiagnostic targets for both research and clinical interventions. Although promising conceptually, extant work using this approach often uses structured diagnostic interview data that employ "skip outs," branching logic conditional on responses to gating questions (which may be criterial or risk markers). We demonstrate that skip outs, where screening items are asked for each disorder before assessing the remaining symptoms, can produce significant problems in interpretation of comorbidity between symptoms and, hence, transdiagnostic network models. The nature and extent of this problem is explored, and suggestions for future network studies of comorbidity are provided.
. Increasingly, over the past 20 years or so, comorbidity has been modeled with higher order or bifactor latent variables models where the association among ostensibly distinct disorders is modeled either by reference to a common factor (e.g., Caspi et al., 2014) or correlated higher order factors (e.g., Kotov et al., 2017; Krueger, 1999) . In most of these variations of latent variable approaches, the foundational unit of analysis is the diagnostic entity, syndrome, or spectrum (which may or may not be modeled as a latent variable itself).
In contrast, from a network perspective, comorbidity can be viewed as simply extending the network approach of examining edges and nodes within a single condition to a larger set of symptoms associated with multiple disorders. This transdiagnostic approach is a logical extension of within-disorder symptom networks to the larger universe of symptoms encompassing two or more disorders.
Some early work considered symptom network comorbidity as a function of the structure of the diagnostic instrument itself, simply drawing edges between symptoms belonging to the same disorder and thus looking at commonalities in criteria (e.g., Borsboom, Cramer, Schmittmann, Epskamp, & Waldorp, 2011; Tio, Epskamp, Noordhof, & Borsboom, 2016) . Specifically, network estimation methods such as IsingFit have been utilized to study symptom comorbidity. For example, Afzali and colleagues used this methodology to study the comorbidity of the symptoms of posttraumatic stress disorder (PTSD) with those of alcohol use disorder (AUD; Afzali, Sunderland, Batterham, et al., 2017) and of major depressive disorder (Afzali, Sunderland, Teesson, et al., 2017) .
This type of modeling has the potential to be useful as an exploratory method, as the edges of the estimated network identify where potentially significant links exist between criteria of separate disorders. Much of the research in this area aims to find "bridge symptoms" (Borsboom et al., 2011) , which are those that appear to be related to the development of comorbid disorders in that they form a "bridge" between the separate sets of symptoms that define the individual disorders. It should be noted that identifying bridge symptoms in static networks cannot determine the precise mechanism through which comorbidity comes about. Fried et al. (2017) discusses various network perspectives that might explain the development of comorbidity that could arise from one of these estimated models. If properly estimated, however, the models might identify symptom-level connections between disorders and thus those would be the subject of further inquiry.
With enough observations, many symptoms from many distinct disorders might be included in one network. This multidisorder symptom analysis can be used to examine the symptom structure contained in the diagnostic instrument as a whole, looking across many or all of the disorders and their symptoms for new insights into the structure of psychopathology. For example, Boschloo et al. (2015) created a network including a large number of Diagnostic and Statistical Manual of Mental Disorders (4th ed.; DSM-IV; American Psychiatric Association [APA] , 1994) disorders to examine the relative comorbidity among these disorders. Here the structure of the network model was able to capture the complexity of mental disorders, demonstrating unique roles of different psychiatric symptoms as well as global conclusions, such as the overall connectedness of the entire network. The researchers were able to accomplish this complex multivariate analysis with the extensive assessment of psychopathology provided by the National Epidemiological Survey of Alcohol and Related Conditions (NESARC) data (Grant, Kaplan, Moore, & Kimball, 2007) .
Epidemiological survey data sets (e.g., NESARC) provide us with symptom data from large, representative samples across many symptoms or DSM criteria using structured diagnostic interviews. The large number of disorders assessed allows these surveys to be used to study comorbidity among the symptoms of multiple disorders. For example, Boschloo et al. (2015) utilized the second wave of the NESARC data to create their network of the symptoms of 12 DSM-IV disorders. Although it is necessary to use a large dataset like NESARC to estimate this network with so many nodes, there are potential problems with the format of structured diagnostic interviews such as those used in NESARC and other community surveys. As Boschloo et al. (2015) described, the design of diagnostic interviews can create data structures that pose serious analytic challenges.
To make the interview as efficient as possible for both the interviewer and the respondent, often "skip outs" or gating questions are employed. Specifically, one or more screening questions are asked before the full set of questions assessing the criteria set for a given mental disorder, and only those who meet the screening criteria are administered the full complement of questions for that diagnosis. The pros and cons of screener questions have been discussed with respect to the problem of both false positive and false negative reports (Robins & Cottler, 2004) . Although such problems are intrinsic to structured diagnostic interviews that employ screeners, their problematic nature is especially acute when considering their effects on studies of comorbidity where the focus is on symptoms networks spanning multiple disorders.
Screening questions can take different forms. The first type of screening question is one where a negative response necessarily implies the following questions would have been negative. For example, if an individual has not had a drink of alcohol in the last 12 months, barring a false negative report, s/he cannot have gotten into hazardous situations while under the influence of alcohol, experienced acute withdrawal, drank in a compulsive manner, and so forth, in the last 12 months. Essentially, the propagated "0" responses to the unasked questions would be what we logically expect, given the response to the screening item. A second type of screening question involves the situation where the question is essential to syndromal diagnosis but not necessarily determinative of responses to subsequent items that are symptoms of a disorder. For example, the major depression section of a structured diagnostic interview might only assess the full criteria set if respondents indicate that they have experienced either a low mood or loss of interest for a period of 2 weeks. The remaining symptoms in the criteria set, for example, sleep disturbance or suicidal ideation/ attempt, however, can be present even if the screening items are not.
In NESARC Wave 2, we can see an example of how screening questions might affect results in looking at variables assessing for suicide attempts. Respondents were asked if they had ever attempted suicide twice, first in the major depressive episode (MDE) section (conditional on a positive response to the depression screening item), then later in the section on medical history (asked of every participant). The only difference is that in the MDE section suicidality is assessed relative to a time of depression, prefaced with the statement "During that time when (your mood This document is copyrighted by the American Psychological Association or one of its allied publishers.
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was at its lowest/you enjoyed or cared the least about things) . . . " Of the full sample of 34,653 individuals, 27,253 people were not asked the full depression assessment because they did not meet the screening criteria. Of these people, however, 547 (2%) reported a suicide attempt when they were queried in the medical section of NESARC. Comparing this with the rate reported within the depression module, where 241 (3%) of 7,400 indicated they had attempted suicide, we see an example where the symptoms not assessed in the full population might be present at roughly comparable rates. In addition to missing true positive reports of a disorder's symptoms in those who do not meet screening criteria for a disorder, there are also those respondents who are false negatives. Considering those who were asked about suicidality in both the depression section and medical history, 33 of the 241 who reported a suicide attempt in the MDE section indicated they had never attempted suicide in the medical section, reflecting this issue of inconsistent reporting. Additionally, 512 of the 1,265 who reported an attempt in the medical section indicated they had not in the depression section, though this is potentially due to the timing constraint in the depression section (i.e., the attempt occurred outside the time period indicated). Although this type of error is unavoidable with human respondents, the effects are exacerbated by the screening question design, where one false negative report on a screening question propagates potentially additional false negative reports. There is also the potential problem of respondents learning the skip-logic structure of the instrument and recognizing that responding negatively to questions significantly shortens the duration of the survey. To validly consider the full network of symptoms, ideally those included in the sample would be only those who were asked about all of the symptoms for each disorder. This has been done to some extent on a smaller scale, in network analyses considering two disorders at a time. The samples in the analyses of Afzali, Sunderland, Batterham, et al. (2017) and Afzali, Sunderland, Teesson, et al. (2017) included only those who met screening criteria for both of the disorders in question. In these studies, examining only two disorders, the remaining sample was large enough, and the number of symptoms being assessed small enough to estimate the networks. However, for the reasons noted above, even this approach is suboptimal since the data structures are conditioned on positive responses to screening questions. This remedy was also adopted by Boschloo et al. (2015) ; however, using only those in the sample assessed for all included symptoms often does not provide enough data for the model to estimate all the parameters of interest. Even in NESARC Wave 2, with a full sample size of 34,635 adults, only 50 participants (0.14%) met screening criteria for the entire set of disorders tested the sensitivity of the analyses to the skip-data structure by including only those who had less than 20% of the data missing. This method, however, while reducing the amount of missing data overall, cannot address the effect of the specific type of bias introduced by skip outs.
While the problematic nature of this type of data is known, it has been typically addressed as a side note to the analyses. For example, a series of articles discussing the replicability of these network models uses data with a skip-out structure with imputed zeros Forbes, Wright, Markon, & Krueger, 2017a) . Borsboom et al. (2017) noted the potential problem, and demonstrated the effect of imputing zeros, noting that it makes for untrustworthy representations of associations. Despite these brief acknowledgments, this type of data is still commonly used in other published analyses with little recognition of its problematic nature, as noted by Forbes, Wright, Markon, and Krueger (2017b) .
In this paper, our goal is to examine the results of transdiagnostic symptom comorbidity analysis on the NESARC Wave 2 data, when the full sample was included compared with the inclusion of only those who were asked about all the symptoms, by examining two disorders at a time. We hypothesized that the implicit conditioning of the sample by skip outs would materially affect associations of interest. We first discuss the particular problems and nuances associated with both techniques, then compare the results of each.
Method Data
Data used in this study come from NESARC Wave 2, a 2004 -2005 follow-up survey to the first wave of NESARC (conducted in 2001-2002) , with an 87% retention rate . The full sample consists of 34,653 subjects. The age of the sample ranges from 20 to 90 with a mean of 49.05 (SD ϭ 17.3) years of age. The sample is 42.03% male and 58.18% White, 19.01% Black, and 18.35% Hispanic. The University of Missouri, Columbia Institutional Review Board approved the use of this data set.
The criteria included were calculated from the Alcohol Use Disorder and Associated Disabilities Schedule-DSM-IV (AUDADIS-IV; Ruan et al., 2008) designed to assess a range of mental disorders as defined by the DSM-IV (APA, 1994) . A list of the screening questions, the criteria, and their prevalence rates can be found in the online supplemental material. Previous studies in this area have disaggregated some of the symptoms, for example separating the AUD criterion drinking larger amounts or for longer than intended into two separate criteria. For present purposes, we have chosen to adhere to the DSM-IV structure as closely as possible. Although individual criteria may break down into meaningful subcriteria, the clinical interpretation of the criteria are meant to encapsulate a specific manifestation of the disorder. In the case of the larger/longer, the specific dimension can be interpreted as a loss of control, describing one symptom. In addition, this avoids some of the problematic issues, such as the subcriteria that are unlikely to coexist and therefore have a negative correlation, such as weight loss and weight gain in the case of depression, or, alternatively, those that are likely to be highly correlated such as tolerance whose subcriteria are "needing to drink more to get the desired effect" and "finding the usual number of drinks has much less effect."
The analyses here utilize the same set of disorders as Boschloo et al. (2015) . There are other disorders in NESARC we have not 1 This problem is likely mitigated by the use of computerized or computer-assisted interviews as compared with paper-and-pencil interviews; there is no opportunity for a respondent to observe an interviewer skipping over pages of survey questions following a negative screen. Still, it seems likely that some observant respondents notice that admitting to some symptoms leads to extensive questioning on those and related symptoms. Presumably, such learning is even more likely to occur on follow-up interviews since they represent, in a true sense, "learning trials." This document is copyrighted by the American Psychological Association or one of its allied publishers.
included, such as the personality disorders and drug use disorders. The personality disorders were assessed separately at different waves and for lifetime occurrences only. The inclusion of additional drug use disorders poses complications beyond the scope of this paper, namely the overlap in symptomology. Our aim here is not to produce a substantive study of the entire DSM, but rather examine the particular problem of screening items, for which the current set of disorders is sufficient. The focus of our discussion is on one base disorder, AUD, and its relations to other disorder symptom networks. This is because AUD was the main focus of the NESARC data collection, and it provides a baseline for comparison with a relatively unrestricted sample. Specifically, all those who had at least one drink of alcohol were assessed for all AUD criteria (n ϭ 22,879; 66% of the full sample).
Network Estimation Tool
The first network estimated is the full network, using the entire sample and all of the criteria across disorders in one round of estimation. The screened networks are then estimated, including criteria from two disorders at a time: AUD and each of the remaining disorders. This limits both the number of criteria being estimated to only those belonging to the two disorders in question, and the sample included to only those who screened positively for both disorders.
The IsingFit R package is used here to estimate each of the networks . Briefly, the algorithm works by calculating a regularized logistic regression for one criterion at a time, using the others as predictor variables. The estimated coefficients for each predictor variable are then saved as initial estimates of the edges between the criterion of the dependent variable and the criterion of the predictor. The regularization reduces nonsignificant coefficients to zero, resulting in a lack of edge between the two associated criteria in the final network. The final symmetric network is formed by averaging the two weights for each pair of predictors (the estimated coefficient when the first criterion is the dependent variable, and the estimated coefficient when the second criterion is the dependent variable). Comorbid edges, which are the edges of interest for this paper, are those falling between criteria of different disorders.
Methodological Issues
As described in Boschloo et al. (2015) , the screening items used in NESARC Wave 2 can broadly be distributed into two categories in terms of their implication on the remaining symptoms of the disorder: those who naturally imply the absence of the remaining symptoms (logical), and the more problematic set which do not (problematic; i.e., have no deterministic bearing on the endorsement of the other criteria). All disorders included utilize some form of screening question, with the exception of attention deficit/ hyperactivity disorder, where all respondents answered all questions.
Logical screening items. The "logical" screening questions reduce the sample size to include only those respondents who could potentially have symptoms, implying that those who respond negatively to the screen item cannot meet any of the following criteria. In the case of substance use disorders, the criteria are all based on behaviors or symptoms occurring during or after the use of the substance, thus requiring substance use. In NESARC, AUD items are asked of anyone who has had at least one drink of alcohol in the time frame being considered; in this case, the time frame is the past 3 years (since last interview). Social phobia (SA), specific phobia (PHO), and agoraphobia (AGO) are all screened by asking if the individual has the required presence of fear. A negative response for these all logically imply a negative response for the remaining symptoms, which are predicated on the presence of fear/anxiety. Similarly, panic disorder (PAN) requires that a panic attack is experienced while PTSD requires first the exposure to a qualifying, traumatic event, and then feeling threatened or intense fear during that event.
Notwithstanding the logic of these screening items, they produce a technical, statistical problem: correlated errors. All those respondents who do not have the screening symptom will have implied (propagated) zeros (nonendorsements) for each of the following symptoms. Additionally, as mentioned before (Robins & Cottler, 2004) , there is the chance of false negative responses to the screening questions, which could be propagating false negatives on the unasked criteria.
Problematic screening items. The remaining disorders included in NESARC include problematic screening items that do not imply the responses to the other criteria. Nicotine use disorder is screened similarly to AUD, though slightly more stringent; instead of including anyone who has used a tobacco product it includes only those who reported the past year use of 100ϩ cigarettes, 50ϩ cigars, 50ϩ pipes, 20ϩ snuffs, or 20ϩ episodes of chewing tobacco. It could be argued that one is unlikely to have problems at lower rates of consumption than this, which is presumably the reasoning for this screening question.
The MDE items are only asked of those who report either feeling depressed or having low interest/pleasure for at least 2 weeks. Dysthymia (DYS) requires a low mood for at least 2 years. Mania (MAN) requires an elevated mood for at least 1 week. Generalized anxiety disorder (GAD) requires anxiety or worry for at least 6 months. Each of these describes a mood disturbance and a duration, but none are logically prerequisites for the remaining symptoms. For example, "diminished ability to think or concentrate, or indecisiveness, nearly every day," a criterion of MDE, could occur in those who do not report feeling depressed or having diminished interest for 2 weeks. Although the screening items may be required for a diagnosis of the disorder, when the interest is in looking at symptoms bridging disorders this poses a problem. Namely, if one were interested in whether a symptom is a bridge symptom between disorders, where its presence would imply the person is more likely to have both, the importance of the screening items themselves might be inflated while potentially important relations to postscreen items masked.
Criteria as screening items. Beyond these two broad classes of screening items, there is an additional problem with some of the screening items: they are also included as criteria of the disorder themselves, and thus nodes of the network. For example, social phobia questions are asked of those who report a strong fear or avoidance of social situations. This is one of the logical screening items that predicates the responses to the remaining criteria, but it is the first criterion of the disorder itself. Specific phobia and dysthymia both also have screening items that are also criteria/ nodes. MDE poses a slightly different problem, as the screen requires that individuals say yes to either the first or second This document is copyrighted by the American Psychological Association or one of its allied publishers.
criterion before proceeding. Since the responses to these types of screening items determine whether or not the respondent might endorse the other criteria, their relationships within the network are almost predetermined. In the full network, they will be the most central items within a given disorder with strong relationships to the remaining criteria. In the screened network they will be isolates, as they have no variance (because everyone in that data set will have endorsed them). It also introduces the problem of sample conditioning, where the individuals in the sample are chosen as a function of the variables of interest (the screening item), of which further discussion can be found in Hoffman, Steinley, Trull, Lane, et al. (2017) . Additionally, the two depression items present a slightly different problem. They will likely have a negative relationship in the screened network, because everyone in that sample will have endorsed one or the other, sometimes both, but never neither.
Results
The graph of the full network of DSM-IV criterion can be found in Figure 1 . Table 1 summarizes the comparisons between the three networks for each pair of disorders. The first three columns summarize the number of criteria for each disorder, the number of individuals in the NESARC Wave 2 dataset that meet the screening criteria for the disorder, and the number who also meet the AUD screen. The final three columns contain the results, in the form on the number of "between" edges estimated, where between edges are defined as those connecting criteria of different disorders. Broadly speaking, the difference between the screened networks and the full and random sample networks is the number of nonzero comorbid edges. The screened network results reveal many more edges between AUD and the remaining disorders compared with the full network.
As for a specific example for illustration purposes, the changes between MDE and AUD criteria can be considered. The results of the two approaches to studying their comorbidity indicate very different relations. There are no between-disorder edges in the network estimated using the full data. This result indicates that these two disorders do not have any strongly related symptoms and does not suggest a lot of comorbidity between the two disorders or their individual symptoms. In the screened network, however, there are 12 edges between the two disorders, one negative and 11 positive, which can be seen in Figure 2 . The positive edges in the screened network suggest potential bridge symptoms such as MDE7 (feel worthless or guilty) which has the most edges to AUD criteria, connecting to AUD1 (drink larger amounts/longer than intended), AUD6 (social/interpersonal problems), AUD7 (give up important or pleasurable activities), and AUD9 (use despite physical or psychological problems). AUD9 has the most edges across disorders, linking to MDE2 (have a loss of interest or pleasure for at least 2 weeks), MDE7, and MDE9 (thoughts of death/suicide or suicide attempt). The negative edge falls between AUD2 (inability to cut down use) and MDE6 (fatigue). The data that was used to build these networks differs both in number rows (observations) and columns (symptoms) that lead to the differences in estimated between disorder edges. The difference in columns influences the proxy for partial correlations given by the logistic regression solutions (there are many more variables going in to each model in the full network) The difference in number of rows provides a larger sample size but also provides many imputed zeros as mentioned before, coming from the subjects who did not make it past the screening item. These are going to contribute to the separation of the two sets of symptoms.
In addition to the changes in between disorder edges, AUD and MDE have a few differences in the within-disorder edges. As expected, MDE1 (feel depressed most of the time for at least 2 weeks) and MDE2 (loss of interest or pleasure), the two criteria that make up the screen for the MDE section, are negatively related in the screened network and positively related in the full network. The other two differences are both from MDE1: to MDE3 (weight and appetite changes) and to MDE6 (fatigue). Both have a positive edge in the full network but none in the screened network. In the full network, MDE1 and MDE2 are connected to all the remaining criteria, but these relationships are potentially falsely enhanced by the imputed zeros for those people who did not meet screening criteria. The fact that only one of the two is required as a screening item makes it not as restrictive as individual screening items, and thus in the second network we see a few of those edges lassoed out. For AUD, the positive edge between AUD6 (social/interpersonal problems) and AUD11 (withdrawal) is present in the full network but not in the screened network. This might reflect either the influence of the sample size, being much larger for the full data, or inflation of the pairwise relation due to the number of individuals with none of the symptoms present in the full data.
Both alternative approaches to modeling expanded transdiagnostic symptom networks present interpretative challenges. The full data has the full effect of the skip out structure, enhancing within-disorder links and potentially suppressing those between disorders. On the contrary, the screened networks are going to be biased toward having symptoms, and in the cases of dual screening/criteria items, uninterpretable. For both networks, the edges between the symptoms used as screening items and the remaining symptoms, both within a disorder and across disorders, are highly constrained by this survey structure, so none of them are suitable for making any sort of inferences.
Discussion
Although there are known and demonstrated problems with screening questions and skip out structure, it is a common and sometimes necessary aspect of survey studies. They reduce the amount of time required for long surveys, reducing the burden on both the interviewer and respondent. In many cases this structure does not pose problems for the analysis. For example, when the final diagnostic status of a person is the focus of the investigation, the skip-out structure is natural and the loss of critical information is limited to basic unreliable reporting. As demonstrated here, however, the skip outs become a problem when one intends to study the criteria or symptoms themselves, as is the case with the increasingly utilized network models. The methodological issues caused by including skip outs are not only relegated to network analysis. In fact, their inclusion can lead to falsely concluding the presence of structure (or a stronger, more salient structure than actually exists) in the context of both factor analysis and finite mixture modeling. Perhaps the easiest way to understand this is to conceptualize the inclusion of skip outs as merely adding extra rows to the data set, where all of the "skipped" questions are all zero. Including multiple rows of identical values (e.g., zeros) will This document is copyrighted by the American Psychological Association or one of its allied publishers.
increase the pairwise correlation between all pairs of variables involved. The result is an increased positive manifold underlying all of the variables. When a factor model is fit to these data, unsurprisingly, we would expect to find a common factor that grows stronger as the number of skip outs increases; however, as with the network models discussed above, this seemingly "strong" structure is either overstated or illusory at best.
Likewise, similar problems plague the inclusion of skip outs in a finite mixture modeling context. Steinley and McDonald (2007) illustrated the correspondence between finite mixture modeling and the common factor model in terms of their ability to recreate the observed covariance matrix. However, they also showed that distinct mixtures could be found if the distributional shape of the factor scores were detected. If skip outs are included, the repetitive rows of zeros for the Figure 1 . The estimated network of the full set of 97 DSM-IV criteria using the full NESARC Wave 2 data set. The "since-last-interview" occurrences of criteria were used which encompasses a period of about three years. The nodes that are indicated in gray are criteria that are also screening items. Dashed lines indicate negative relationships and solid linesare positive relationships. This document is copyrighted by the American Psychological Association or one of its allied publishers.
skipped questions will result in a density spike in the factor score space around those values (Steinley & McDonald, 2007 , for a discussion of the relation between the accumulation of density around the mean of mixtures in the factor score space), leading to the false impression of the existence of multiple groups (e.g., mixtures). These are only two related methodologies that would show similar "false" structure as network models. In fact, it would be straightforward to show that the problem extends to other analytic approaches that search for structure, such as cluster analysis or multidimensional scaling. Most dangerous is the fact that standard diagnostic procedures for each of these methods will fail to indicate a problem as the resultant structure will be both well-identified and aligned with the goals of the analytic method: (a) with network models you will find highly connected sets of nodes, (b) with factor models you will identify common factors with high positive loadings, and (c) mixture models will identify dense group(s) centered around a set(s) of skipout questions. In all cases, the model will appear to be a resounding success, when in reality it is just an artifact of the manner in which the data were prepared prior to analysis.
Considering the network models, where the focus is on the relations between pairs of symptoms, there are additional factors to consider. Within a diagnosis, there is a notion of temporal clustering, but this is not considered or adequately resolved across disorders. In an analysis of comorbidity using a data set such as NESARC, while there are questions to ascertain if symptoms within a disorder occurred in the same time frame, the concurrence of symptoms of separate disorders is not considered. It is not clear if this impedes the discovering of transdiagnostic symptom networks, but this points to the exploratory nature of this type of analysis, where an edge of the network should not be interpreted as a true bridging symptom, but rather an initial indicator potentially identifying a research or clinical target. Boschloo et al. (2015) clearly note the methodological problems and attempt to remedy the situation, through their sensitivity analysis. By using observations with only 20% of the data missing they attempted to minimize the missing data problem, but even in this analysis the skip-out bias is still present. Unfortunately, the problems created by this type of data structure create significant effects that result in sufficient bias, so as to preclude confident interpretations of the results. Regarding the network methodology, we believe other general issues exist for these models, such as the proportion of asymptomatic individuals in the sample (Hoffman, Steinley, Trull, Lane, et al., 2017) and the differing thresholds used to define the presence of individual criteria . These present another level of complexity to these analyses that must be considered before interpreting the final results.
Recommendations
Researchers often utilize data without fully considering the structure of the diagnostic instrument and the form it imposes on resulting data. As demonstrated here, this oversight allows material and nonignorable effects to influence the results. As the field moves toward a more transdiagnostic perspective (e.g., NolenHoeksema & Watkins, 2011), diagnosis-specific modules of interviews that include skip outs need to be recognized as imposing important constraints on the interpretations of associations among symptoms. All too often statistical approaches are applied to data sets without adequate attention to the underlying design elements of data collection. In this paper, we consider the skip-out problem in the context of the emergent field of network models. While the methodology is relatively new, and the discussion continues on how best to utilize it Forbes et al., 2017a Forbes et al., , 2017b Steinley, Hoffman, Brusco, & Sher, 2017) , it is a good fit for examining skip outs. This is both because it is a problem that has already emerged in the network literature, and because the networks themselves highlight it with their focus on betweensymptom associations. Thus, the demonstration here of the impact of skip-out items on results both highlights these concerns for the network methodology and should be considered for other areas of research.
Although we have concerns with studies that ignore this problem, we do not believe the basic rationale for studying expanded networks is faulty. Rather, the methods are not up to the question, given the limitations described. In this spirit, we provide some potential remedies. There are some steps in survey design that may be implemented in order to address the problems in inferences this skip-out structure forces on the data. The first is to break out questions that might be of general importance, for example, the way suicidality is assessed in the AUDADIS, both within the section assessing for MDEs and the medical section asked of everyone. Suicidality is a commonly studied variable, but there are surveys where it is only included within the depression framework, thus impeding the generalization of any finding involving that variable alone. As we demonstrated above, assessing the symptom again, outside the disorder set, can give a better estimate of its prevalence rate in the entire population.
When the focus is on full disorders, the ideal situation would be to exhaustively assess all relevant diagnostic symptoms, without any skip-out sections. False negative reports for screening items ; AUD alcohol use disorder; MDE ϭ major depressive episode; DYS ϭ dysthymia; MAN ϭ manic episode; PAN ϭ panic disorder; SOC ϭ social anxiety disorder; PHO ϭ specific phobia; AGO ϭ agoraphobia; GAD ϭ generalized anxiety disorder; PTSD ϭ posttraumatic stress disorder; ADHD ϭ attention deficit hyperactivy disorder; NIC ϭ nicotine use disorder.
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will propagate zeros that may not be valid. Whether this happens by mistake, for instance, if someone has forgotten an occurrence of the screening item or misunderstood it, or on purpose to shorten the duration of the survey, the remaining symptoms will be marked as not present whether they truly are or not. As a potential alternative, when it is impossible to assess all symptoms of interest but one wants to assess degree of bias, one might ask a subset of respondents all the questions to compare network solutions, or a selection of questions might be asked independently of the screening item employing a type of "not missing-by-design." Logically, an intermediate approach would be to employ a type of missing-by-design approach where rather than "skipping out" of a section when screening criteria are not met, a random subset of symptoms within that section are administered. This would allow a full covariance matrix to be generated without the biases induced by skip outs. Clearly, such interviews would not be especially useful in applied clinical settings and this strategy would be difficult to implement where follow-up questions are logically dependent upon a screening question (e.g., some symptoms of PTSD are assessed in reference to a listed trauma). However, this approach could be very useful in those situations characterized both by large samples and where the disorders of interest are not exceedingly rare. This document is copyrighted by the American Psychological Association or one of its allied publishers.
